The watershed transform is a well established tool for the segmentation of images. However, watershed segmentation is often not effective for textured regions that are percep tually homogeneous. Such regions are usually inaccurately over-segmented with no reference to any texture changes. We now introduce a novel concept of ''texture gradient" im plemented using a non-decimated complex wavelet trans form. A novel marker location algorithm is subsequently used to locate significant homogeneous textured or non tex tured regions. A marker driven watershed transform is then used to properly: segment the identified regions. The com bined algorithm produces effective texture and intensity ba sed segmentation for the application to content based re trieval of images.
INTRODUCTION
The initial stage of any watershed segmentation method is to produce a gradient image from the actual image. Within all effective schemes for obtaining gradient images (e. g. [1] ) some element of smoothing is always necessary in order to emphasise the significant gradient within the image and re duce the gradient caused by noise or other minor structures.
For images containing textured regions, the necessary smoothing that is essential in gradient extraction has the ef fect of removiDg texture information. In order to improve watershed tecllniques and apply them properly to textured images, the texture content information that is removed shou ld be included'in the algorithm.
Texture boundaries have been used for the effective par titioning of natural images using the edge flow technique [2] . However, this technique does not use a measure oftex ture gradient but compares the texture content at each pixel to its neighbours in order to "flow" its texture content in the maximum gradient directi o n. Where "texture flows" meet, boundaries are constructed. Although effective, this method makes no use of the watershed technique. By using the wa tershed transform with a texture gradient we make use of the well understood theoretical basis and the large body of work associated with the watershed transform.
The use of a texture gradient for image segmentation do es not also solve the main problem associated with the watershed transform: over-segmentation. There are many solutions to the problem of over-segmentation (e. g. [3, 4] ). We choose to use a marker based solution (basins are flooded from selected sources rather than minima). This method lends itself well to the intended application of image region characterisation for content based retrieval. This is because the resulting boundaries will still be centred on key gradient maxima and the regions can be made to be over a minimum size.
TEXTURE GRADIENT

Texture Characterisation
In order to produce a texture gradient we first need to char acterise the texture content of the image at each pixel. A number of methods have been proposed to do this. One of the most popular techniques is the use of a set of differently scaled and orientated complex Gabor filters [5] . By suitable spanning of the frequency space, each pixel can be charac terised in texture content. However, when considering the differences in texture within an image (e.g. the texture gra dient) this often produces suboptimal characterisation for the purposes of segmentation. To produce an optimal sys tem, the Gabor filters need to be tuned to the texture content of the image. Different schemes for adaptive Gabor filtering have been implemented [6, 7] . These and other schemes use arbitrary techniques that are entirely separate from the tex ture feature extraction process whilst also being excessively computationally complex.
In order to integrate an adaptive scheme with the texture feature extraction process we have used the Non-Decimated Complex Wavelet Packet Transform (NDXWPT) [8] . The magnitude of the coefficients of each complex subban d can be used to characterise the texture content. This is because the basis functions from each subband (very closely) resem ble Gabor filters. i.e. they are scale and directionally selec tive whilst being frequency and spatially localised.
Each pixel can therefore be assigned a feature vector according to the magnitudes of t h e NDXWPT coefficients.
A pixel at spatial position (x, y) has one feature for each NDXWPT subband coefficient magnitude at that position:
defined as Ti(x, y), where i is the subband number. A fea ture vector T(x, y) is therefore associated with each pixel 0-7803-7402-9/02/$17 .00 �2002 IEEE IV -3381 characterising the te�ture content at that position. A simple method to perform this is a separable median fil tering on the magnitude image followed by gradient extrac tion. This has the effect of removing the edges and preserv ing the steps. The texture content can then be represented by the median filtered versions of the subband magnitudes .
Gradient Extraction
MT(x, y). This can be represented by:
where n is the number of subbands and the length of the me dian filter is adapted to the size of the subband basis func tions.
In order to calculate the gradient of the texture content one needs to consider the gradient within the multidimen sional feature space. The simplest way to do this is to swn the gradients obtained for each of the individual features.
Defining TG(x, y) to be the magnitude of the texture gradi ent we have:
where n is the number of subbands and V is approxi mated using a Gaussian derivative gradient extraction tech nique [1] . L2(MTi) is the L2 norm energy of the median filtered subband i and is included to normalise the effect of each subband on the gradient. In order to preserve the ability of the system to detect intensity changes, this gradient is combined with a simple intensity gradient as follows:
where mix is a suitably chosen constant for mixing the intensity and texture gradients. V f is just the gradient of the plain intensity image calculated using an identical Gaussian derivative technique [1] . The division of the intensity gra dient by the factor (IMT(x, y)I)2 was included to stop the spurious gradients inside the textures being added to the fi nal summ ation. Figure 1 (d) shows the gradient G for the Lena image. It clearly contains both texture and intensity boundary gradients.
MARKER SELECTION
The problem of over-segmentation of the watershed method was dealt with through the flooding from selected sources (i.e. marker driven segmentation). The other methods were not chosen as they did not apply easily to texture gradients [4] or they tend to produce small residual regions (hierar chical watersheds [9] ) and therefore were not suited to an application to region characterisation.
Most of the marker selection methods suggested by Beu cher [3] are application dependant. The aim of marker iden tification within a content based retrieval application is to pinpoint regions that are homogeneous in terms of texture, colour and intensity and of a significant size. To meet these criteria a minimum region, moving threshold and region growing method was adopted as shown In Algorithm 3.1.
This algorithm calculates the mean and standard deviation of the gradient image (G). Then several thresholded binary images are produced at reasonably spaced thresholds Us ing the mean and standard deviation ofG. For each binary thresholded image, the number of closed and connected re gions greater than the given minimum size is calculated.
The threshold with the maximum number of connected re gions is used as the output marker image. This is a similar method to that developed by Deng and Manjunath [10] al though this not applied to marker selection.
Consider the gradient shown in figure 1 (d) . If we raise and lower the threshold line by the values given in Algo rithm 3.1 and keep only the contiguous areas over size 300 pixels we obtain a marker image for the maximum number of contiguous regions shown in figure 2(a) . The different grayscale values within this image showing the different la belled makers. This marker image is then used to produce the segmentation shown in figure 2(b) .
The governing parameter of this method is therefore the scale factor i.e. the minimum acceptable size of a marker areas (set to 300 pixels in this case).
IV -3382 Using this marker selection scheme with a usual image gradient will often lead to effective segmentation for non texture images. However, the inclusion of a texture gradient based on the actual frequency content of the image (using a complex wavelet packet transform) will ensure that differ ently textured regions will be segmented effectively.
Traditional methods of marker extraction such as large scale low-pass filtering [3] or scale space morphological fil tering [4] often move or remove salient, small scale gra dient elements that can be vital for effective segmentation. figure  1 (d» respectively. This shows the method is able to give a good general segmentation of textured and natural images.
For an entirely automatic segmentation system, the cur rent implementation gives good results compared to other comparable techniques [2, 11] . An automatic segmentation system is important for content based retrieval applications where human interaction is impossible or unfeasible (e.g. due to the number of image or video items). It is therefore the intention to include the developed automatic segmen tation techniques within a subsequently developed content based retrieval application.
Although applied solely to grayscale images, the tech nique could be easily generalised to colour images by aver aging the resulting gradient images before using the marker extraction and watershed algorithms. Although not presently including any phase differential information in the texture gradient (as with the edge flow method), such information could be included in subsequent work as phase information is available within the complex wavelet transforms.
